A. This paper analyzes ratings as informative signals about the quality of movies. A structural Bayesian learning model links the revealed experience utilities of raters, who are prior consumers, to the product choice of the future consumers of the same good. I postulate that movies are chosen based on the consumers prior beliefs and the precision of the signals provided by the ratings. Consumers use the ratings signals more when more consumers have revealed their preferences in the ratings. I specify and estimate a simulated maximum likelihood model using the Netflix data on rental choices and ratings. The very rich data set allows me to identify the effect of ratings on demand while controlling for the inherent popularity of each specific DVD using fixed effects. The results demonstrate that the ratings provide signals of quality to consumers. If the signal is based on only one rating, it is very noisy, and the consumer might ignore it. As more consumers rate the DVD, the signal becomes more informative, and the results show that the consumers surplus increases. The estimation shows that the ratings system has economically significant value. As 100 more people rate a DVD, the quantity demanded for the newly released DVD can rise by as much as 35 percent. If Netflix were to offer DVDs without providing the rating service, 88 percent more consumers would choose movies elsewhere. Finally, the absence of the Netflix system with a high volume of ratings for each DVD would cause consumers to rent a narrower selection of DVDs than what they currently rent from Netflix. Specifically, the share of newly released DVDs would go up from 5 to 17 percent.
I
More goods are sold online and delivered these days. While traditional shopping involves direct inspection, trying, and testing, online shopping relies primarily on recommendations and ratings. Since experience goods involve matching preferences with good attributes, buyers prefer to collect as much information as possible. Information about quality and attributes does not only come directly from retailers. We pay more attention to consumers' and experts' reviews and ratings.
When sellers ask buyers to evaluate goods/services, they obtain a new attribute -rating (a three-star hotel or a 5-star movie). Further, retailers bundle items they sell with information services which include such quality signals (amazon.com, Netflix). Finally, consumers start taking into account an additional signal about the quality or the experience utility. It takes time to understand whether and to what extent could the consumer rely on ratings when buying a good. If there is no horizontal differentiation, ratings are very close to quality signals. If there is no vertical differentiation, ratings are some averaged consumers' preferences.
In this paper, I consider several important questions. The first is about the nature of ratings:
are they signals about experience utility or the attributes? Second, do consumers differ in how they learn from signals, i.e., in how they draw an idea about mean experience utility? Third, how valuable is the system of such signalling in the economic sense: can we evaluate this information in monetary terms?
One of the systems that allows studying how consumers learn from ratings (and learn how to use them) is that offered by Netflix, an online DVD rental service offering flat rate rental-bymail to customers in the United States. Customers sequentially choose and queue movies via an internet web site. A choice is defined by the information about observable attributes provided by the Netflix web site or other sources. In addition to the "catalog" service, the site provides "taste matching" options that help in finding a movie to watch (and preferably enjoy). Among the latter are the recommendations based on a consumer's genre preferences, previous movie choice (the same director, actors, or genre), and a consumer's own feedback ratings (Cinematch). Besides Netflix, consumers might rely on friends' recommendations, other web sites, etc.
The most immediate information a consumer might take into account is the average rating by the previous watchers within Netflix 1 . The average rating is the cumulative average of previous consumers' experience utilities. To make an optimal choice a consumer might try to see what others' experience utility was and use it as an experience utility signal. This signal should have a higher precision if initial watchers had the same tastes as the consumer. The more heterogeneous are the tastes of the previous consumers, the noisier is the quality signal.
If ratings are attributes (a "5-star hotel"), then the higher rated item has more. Everybody should prefer 5-star movies. However, if the the ratings are only signals, then their precision is important. For example, an experience utility signal "3" sent by a million of previous adopters has more value to a consumer than an experience utility signal "5" from only one consumer.
If consumers differ in how they learn, they might agree on quality but behave differently. This might happen because of the variation in the consumer-specific tastes toward expected quality.
The experience utility depends on quality but is not equivalent to it.
Finally, what is the value of ratings? Do they change the allocation of movies within the in-mail delivery DVD market? Do they help reallocate demand between the conventional local store DVD rental industry and in-mail delivery? Is there substitution between the outside and inside options?
I assume that consumers know the precision of signals and use this knowledge to learn about movies' experience utility. To do this, I formulate a discrete choice model with a Bayesian-type updating mechanism. Consumers incorporate prior beliefs and quality signals into the weighted average perceived quality before choosing a movie from the set of available. To estimate the structural parameters of my model I maximize the simulated likelihood of the movie choice sequences across consumers. I find that ratings are informative signals about movie quality. The more votes submitted by the previous viewers, the more precise is the signal and the higher is the value of information for consumers. Because ratings resolve some uncertainty about movie quality, the structure of demand changes -consumers choose older movies more often. This paper is organized as follows. In the next section I summarize some of the literature relevant to this research. Then, I present the formal structural model, describe my empirical strategy, and discuss some identification issues. Finally, I talk about data and results.
L
This research benefits from and contributes to the empirical literature on learning. ? introduced the idea of Bayesian modeling of consumers purchasing behavior. Consumers in their model learn about a single attribute -washing power of the detergent. This attribute is first unobservable, but some information is delivered by advertising. After experiencing the good, a consumer updates her prior belief about quality and acts accordingly.
?? also studies a model of consumer's learning. In his model a buyer decides whether to buy a new brand of yogurt after observing the advertising signal about the new brand. This paper also contributes to the literature on movie demand and learning. Extensive research on movies can be found in marketing literature. The key task there is to assess the influence of the word-of-mouth (WOM) on movie revenues, sales of books, etc. ? show that future revenues might depend on online movie reviews. They discuss whether there is a causal relationship between experts' reviews and revenues and reject this hypothesis. ? study the business value of WOM and evaluate the correlation between WOM and motion picture revenues and suggest using it as a forecasting tool. ? note recent developments -an escalation in the audience and dynamics of word-of-mouth as well as the availability and measurability of WOM on the web via consumers' ratings. They claim that in 2003, 7% of movie-goers rated online. However, they also show that the correlation between ratings, and thus tastes, of raters and non-raters is very high, which allows forecasting the overall audience response based on the opinions of online raters.
? builds a regression model that links WOM and box office revenues. It is shown that the volume of WOM is a better predictor of revenues than the valence (average rating). ? study the role of sequels and advertising expenditures in the motion picture industry. They show that WOM and critics' reviews attenuate the role of advertising and sequels. Among others, ? and ? estimate demand-like regression models that help in determining the financial success of motion pictures. The general approach of such papers is to regress total box office on a set of attributes, including marketing expenditures, ratings, Academy Awards, and other important attributes.
? studies WOM impact on theatrical movie admissions. He demonstrates that about 10% of the variation in movie demand can be attributed to information distributed via WOM. He tackles the problem of a demand saturation effect -the market for a title shrinks as more consumers watch a movie. ? studies two types of seasonality in the motion picture industry -the seasonality in the underlying demand and the seasonality of release dates. Fixed effects of movies' quality are identified by comparison of the market shares of good and bad movies in different time periods.
In other words, the patterns of demand decay of different movies identify their quality. The important assumption here is the orthogonality of the decay patterns and of the release dates.
Einav estimates a nested logit discrete choice model with movie-weeks as nests.
? replicates ? using data on the home video industry to answer questions about the optimal timing of movie releases. Assuming that preferences over theater films and home video films are the same, the author replicates Einav's result of no segmentation. The key idea of the paper is to check for seasonality in the home video industry and compare it to the seasonality in theater releases. Other home video seasonality papers are by ?. They study the video window -the time between a movie's release date and its video release. Their common finding is that studios cluster their releases around July 4th but underestimate the potential of the season right after the Labor day. One of the explanations is the common 6-month window between theatrical release and DVD release. A film released in July has chances to add in sales via DVD release during the Christmas gift season.
With regard to the key methodological literature, ? reviews the methods of qualitative response analysis, including the cases of endogenous qualitative variables. ? provides a theoretical justification of the extreme value random variable assumption for the nested logit model. ?
and ? provide insights about the methodology of differentiated product demand estimation. ?
provides key ideas of empirical strategy. . The utility is:
Consumer's utility depends on her tastes υ i , explicitly or implicitly observable characteristics of movies X jt , idiosyncratic shocks unrelated to taste or preferences known to consumer i before consumption but unknown to the econometrician i jt , and the quality δ j . This actual experience utility is known only after the good is consumed 3 . To choose a good, a consumer needs 2
The problem is potentially dynamic. For instance, choosing a movie today leads to its dropout from the opportunity set tomorrow.The discounted sum of future expected utilities conditional on available information I it is maximized via an optimal movie selection c τ (I iτ ) at each time τ:
However, such dynamic considerations might not be very important and an assumption about a short-sighted consumer is not very strong. How many of us decide not to watch a movie today because it decreases the option value for tomorrow? ? uses index (t + 1) to describe this situation, which means the actual experience utility is known only before the purchase of the next good, but not at the time t. One needs to consume the good to find out how it tasted.
to guess δ j . The subtle nature of "experience utility" learned from expected quality demands understanding how consumers (i) predict quality (prior beliefs), (ii) learn about quality (perceived noisiness of ratings), and appreciate quality (preferences). These unobservable (for an econometrician) facts need to be modeled.
Formally, experience utility depends on the latent quality measure and a consumer-specific taste toward this quality: υ i δ j . Consumers have prior beliefs about δ j : N(γ i j , σ They also believe that average ratings are themselves the product of other consumers' revealed preferences. As the number of viewers converges to the population size, ratings converge to some population-average latent quality δ j . Consumers believe that the conditional distribution of ratings is p(r jt |δ j ) 4 . Knowing this relationship, consumers learn about mean quality from the posterior distribution p(δ j |r jt ). The noisiness depends on the number of previous raters.
Next, consumer i updates her beliefs with the ratings -the average scores of feedback submitted by previous consumers. Netflix also reports, and consumers observe, the total number of raters. Hence, the signal about quality consists of the rating itself and the number of raters that contributed to this average score. Each feedback rating f r j supplied by one of the R jt raters up to time t is a function of raters' actual experience utility, some stochastic mapping of the actual experience utility into the space of discrete ratings [1, 2, 3, 4, 5] . If consumers believe that one feedback rating has variance σ Note, to believe that δ j is the society-average latent quality, one needs to assume that consumers that choose to rate do not systematically differ in interpreting the latent quality. Otherwise, δ j is the raters' latent quality. This assumption however might not be too strong. For instance, ? demonstrated that the ratings of raters and non-raters are highly correlated. 5 Another possible distributional assumption is that the prior is distributed Dirichlet and signals are multinomial so that the posterior is also Dirichlet. signal is observed is δ j |r jt , R jt ∼ N(δ jt , σ 2 jt ). The mean of this distribution, the perceived quality of movie j, is computed using Bayesian updating rule as a weighted average of the prior mean and the signal:
To maximize her utility, consumer i needs to know her individual-specific perceived quality υ i δ j . Thus, the perceived experience utility at time t is expressed as:
Note that the variance (??) in the posterior distribution depends on the variance of the prior and the variance of the signal. As more consumers rate, the signal's precision is higher, and the posterior becomes more dependent on the average rating. Also, if signals are very noisy and
, after comparatively few votes, consumer i might still put greater weight on her prior beliefs. However, eventually, when R jt is large enough, more weight will be put on the signals.
2.2. Empirical specification. The expected utility for the inside good is specified as follows:
Note, it is impossible to jointly identify the variances for both the prior and the signal. To demonstrate this, let me scale these parameters by factor c: σ Observe, that the expected experience utility is unchanged:
Hence, I normalize the variance parameters in the following way:
The inside good expected utility is now specified as follows:
Note that expectation of the latent quality is individual-specific because of the dispersion in the taste for quality υ i and because priors are individual-specific. It is time-specific because of time-varying signals. I assume that the outside good is chosen if it is not a movie from the sample. The utility of the inside movie j depends on the explicit attributes X jt . The timeinvariant part encompasses the way a movie was produced and marketed, the choice of the director, the actors, the budget, etc. It also depend the film-time-specific measure of movie's age calculated as current date minus the DVD release date 6 . β captures marginal tastes toward observable movie characteristics.
7
In sum, the specification structurally accounts for the a common content selection mechanism employed by many online content providers suggesting consumers to differentiate media by "Most Popular", "Recently Added", and "Highest Rated". Demographic variables are not available in my data set 8 . The following information is fully observable and known by the consumers and the econometrician (denote this z i jt ): movie characteristics, including average ratings r jt ,
6
The longer the movie on the market, the more people know about it and, for example, the less they would take into account/be influenced by advertising. Another interpretation of the age parameter is somewhat similar to "reputation" (?). Customers have to rely on rating and experts' reviews at the early stage of a film's life. However, with age, films form a "reputation". Alternatively this slope captures the decay rate in a movie's appeal (quality in ? or saturation in ?) 7 Tastes for the characteristics β i could be modeled as random coefficients. In this version I do not use random coefficients to describe heterogenous attitudes towards observable characteristics. 8 To infer characteristics of consumers I might use pre-sample data (as in ?) or the one-day bulk ratings that are the responses to Netflix's suggestions to rate as many as possible to create consumer's profile number of ratings R jt , age and time-invariant attributes X j . The actual choices of movies c it are also observed.
9
The following information is known to consumers and unknown to the econometrician: the prior beliefs on movies' experience utility γ i j , taste for quality υ i , and idiosyncratic shocks i jt .
The precision parameter τ is assumed constant across consumers and time.
The idiosyncratic tastes are modeled as i.i.d. Type 1 extreme value random variable.
10
. Consumer i's prior beliefs and tastes toward quality are modeled as follows:
Prior beliefs about movie quality, and the log of the tastes, are normally distributed and are not correlated. 11 I empirically model the taste for quality as random. I simulate 20 random draws from the above distribution and use them in estimation. The individual prior beliefs have parameters that are random across individuals but have movie-specific parameters, γ j .
The vector of structural parameters θ = (β, γ j , σ γ , υ, σ υ , τ) is estimated using the simulated maximum likelihood method (SML). Note the natural restriction is 0 ≤ τ ≤ 1. To use the gradient-based SML nonlinear optimization routine, I reparametrized τ = Φ(t) , where Φ(·) is the CDF of the standard normal distribution.
9
In the Data section I discuss the unique features of data, assumptions, and the construction of variables. 10 As an extention/variation of this model i jt could be modeled as the normal random variable. This would require other estimation methods, e.g. integration via data augmentation using Gibbs sampling.
11
Empirically, given a simulated bivariate standard normal draw m s = [m s1 m s2 ] ∼ N(0, I) and
L is the lower triangular Cholesky factor of the covariance matrix Σ. I have considered the case with a non-zero correlation between the tates and the priors.The covariance matrix in this case is:
The correlation should have been identified by the similarity in priors and tastes towards the same movies. Unfortunately, data does not allow me to identify parameter ρ.
The vector of mean prior beliefs about movies' quality γ j is originally N-dimesional. This is quite burdensome to estimate. To start with, one might make several simplifying assumptions.
Consider three films -"The Matrix", "When Worlds Collide", and "Mary Poppins". If ceteris paribus a consumer is indifferent between the three movies but all consumers have different beliefs about cinema as such, it would be safe to assume equal prior expectations for all movies:
Note, however that the first two are Science Fiction, the last is a family classic. Consumers on average, probably, have different expectations about these two categories. For instance, SciFi films are better on a big screen, while "Mary Poppins" is better to watch with one's family at home. Thus, it would be reasonable to assume that consumers have the same expectations about movies in the same genre. Further, note that "When Worlds Collide" is a comparatively lowbudget SciFi film from fifties. If consumers have different expectations about films in different genre-budget categories, Worlds' prior expectation would be different from that of Matrix's. In theory, one might go as far as to maintain the initial assumption that all movies have different prior expected quality. I however prefer to believe that, for instance, customers' beliefs about two consequent movies of the James Bond franchise are the same. Hence the prevalent empirical specification includes fixed prior belief effects for each movie-budget category.
Recall, i jt are assumed to be distributed Type 1 Extreme Value i.i.d. Given data and parameters, the probability that consumer i chooses movie j at time t is analytically expressed as follows:
The likelihood for consumer i is the joint probability of her choice history through T i time periods. The integration is over the consumer-specific prior beliefs γ i j and tastes towards quality υ i .
This consumers heterogeneity is time-persistent, so that one needs to integrate the likelihoods of the series of choices for each consumer.
Note that empirically this likelihood is the function of NS -dimensional vectors υ s and γ s .
Hence, integrating the expression in (??) I obtain the simulated likelihood:
Pr c it = c z i jt ; θ (9)
In other words, since both prior beliefs and tastes toward quality are persistent unobservables, I need to integrate them over the entire sequence of each consumer's choices. The simulated log-likelihood function encompassing choices of M consumers has the following form:
2.3. Identification. There are two sets of parameters to identify in this model. The first set comprises the marginal utilities towards explicitly or implicitly observable characteristics. These are identified by the comparative market shares of movies with different characteristics. For instance, if a movie with a higher budget is chosen more often, all other things being constant, then the respective β estimate would be positive. The slope of age is identified by the relative frequency of choices of movies with different age.
The second set of parameters describes the learning process. After time invariant and agerelated components in the movies appeal are filtered out by X jt , the leftover is taken by the expected quality parameters. Note, that film-specific or film category-specific time invariant dummy variables, parameters of the prior beliefs distribution, do not enter linearly into the expected utility. How much variation is taken on by these variables depends on the informativeness of the signals and consumer-specific tastes for quality -experience utility.
Neither we nor consumers observe the posterior mean of quality or the actual experience utility.
Consumers are governed by their beliefs and tastes. The only thing that points towards better or worse expected quality and informativeness of signals is the variation in the behavior of a consumers. They would pay more attention to ratings if they are good signals and less attention in the case of poor signalling quality. How fast consumers come to realize that, with a large enough set of feedback ratings the signal comes very close to represent the society-average quality would point towards a difference in the two precision parameters. The marginal effect of posterior quality on the choice would identify υ and the dispersion in the individual-specific reaction will identify σ υ . The parameters γ j and σ An important data feature is that Netflix provides the feedback ratings but not actual consumption. First, I could assume that each feedback rating is related to a movie rented from the Netflix system. This is not necessarily true. A better way would be to sample only such consumption paths that are consistent with the natural renting activity given the available tariff plans. In other words, if a consumer rates 20 movies a day, I consider it to be just bulk rating activity. If a consumer rates on average 2-3 movies a day, I consider it to be renting-and-rating process. All the graphs depict consumers that watch, return, and rate. Note, however, consumers could rate many movies at once, which might be the case of the bulk rating invited by Netflix. The top left and the bottom right graphs represent a typical story. These consumers followed Netflix's instructions to rate as many movies as possible to create their profile and generate good recommendations. Then they became tired with the process and stopped. Consumer 2 probably has done this before the observed period. Finally, Consumer 3 comes back to
Netflix and rates many movies at once from time to time.
12 imdb.com 13 www.hometheaterinfo.com 14 dvdlist.kazart.com Probably, the most straightforward way to ensure that ratings used in the estimation are closely related to consumption is to choose ratings that happen once a day. It is unlikely that a person comes to the web site and rates one movie if she did not watch it recently. Most probably, it is some consumption experience that made her do this. The first-best would be a case when a consumer watches a Netflix's DVD and rates it as soon as Netflix sends a "We received your DVD" email with the suggestion to click on rating stars. It is quite reasonable to presume that among these ratings one might find movies from Blockbuster or elsewhere. But since a consumer goes to the Netflix's web site to rate it, she might have seen Netflix's rating. The most prevalent Netflix tariff plan is "3 DVDs-at-a-time", hence I assume that an average consumer rates no more then 3 movies at once. Figure ? ? depicts the same consumers' ratings as Figure   ? ?, but trimmed -I delete all the occurrences of four or more rating per day. Table? ? summarizes this sample. My average consumer rated 204 movies over 104 weeks. In this sample, the average consumer rates during 96 weeks. Some consumers start rating from the first week, others come into the sample later on. If a consumer does not rate during a week, she is assumed to choose an outside good. An average consumer chooses an outside good 33 weeks during two years. Finally, note that many consumers choose several movies per calendar week. In this case, for estimation purposes, I assume that consumers have different number of movie-weeks per year.
Many attributes of movies are defined at the production stage by producers, director, actors, etc.
These are time-invariant. Movies with higher budgets would generate higher interest. Further, a blockbuster film has a better chance to be heard of. Thus the more people have seen a movie in theaters, the more publicity it gets via word-of-mouth. Finally, the more people talk about a movie, the higher the chances are that somebody else would also like to see it.
To control for the initial higher investment in movies I collect data on movie budgets from the IMDB website. To account for differences in word-of-mouth as a potential channel of information dissemination about movies I collect data on total box office revenues. As shown in Table ? ?, the spread in the budgets is quite sizable: from negligible to 200 million US$.
Revenue vary as well. Some movies go directly to video release and thus do not have theaterrelated publicity. Other movies have total theater grosses measured in hundreds of million of dollars. The average budget is around 15 million dollars and the average gross total is around 26 million dollars. There is a reasonable positive correlation of 0.57 between the budget and the box office data. The budget does not fully predict the potential box office. Generally there is a wide range of movies with various budget sizes that generate quite uniformly distributed box office proceeds. The total number of movies in the sample is defined by the availability of financial data -7705. All other films are considered to be part of the outside good.
Another variable that helps in identifying and filtering out the implicitly observable appeal of movies is the total number of the feedback ratings submitted by IMDB users. I consider this data a proxy for other information about a movie that a Netflix consumer might take into account. I refer to it as "popularity". Arguably, this aggregate would reflect the relative success credited to the actors, the director, etc. Movies with a higher total amount of the IMDB ratings tend to be more famous and more actively discussed. Note in Table ? ? that the data on the amount of the Netflix and IMDB ratings is comparable. Their correlation is 0.7. However, keep in mind an important difference. I observe the dynamics of the amount of the ratings in Netflix and use it to model the precision of the quality signal. I do not observe the dynamics of the amount of IMDB ratings and use the "final" value as an exogenous source of variation in movies' popularity.
To account for the fact that consumers might have different preferences for, or prior beliefs about genres, I construct genre dummy variables. Table ? ? summarizes this information. The most represented genres are drama (1918 movies, 24.9%), comedy (1824 movies, 23.7%), and action (1054 movies, 13.7%). Miscellaneous genres (game-show, history, reality-TV, and sport) are collected into the category "others".
In the set of implicitly or explicitly observable attributes I include the movie's age, i.e. the time elapsed since release. Sometimes consumers prefer new movies (blockbuster effect) and sometimes they would wait in order to be convinced that a movie is likable (sleeper movie).
Release dates were collected from the IMDB web site and the age in days is calculated. Table   ? ? summarizes weekly data on time-varying variables. Note that the age of movies varies from 0 (just released) to 33400 days (early 20th century). I consequently transform age, popularity, and financial variables into logarithmic form.
The number of raters (in thousands) and the average rating is used to model the consumer's learning process. Note that the average rating changes as more consumers submit their opinions. Figure ? ? depicts typical trends in the average ratings. "Harry Potter and the Prisoner of Azkaban" demonstrates an initial spike. Then the average rating trends down and finally converges to its long-run average. The DVD release of "Mary Poppins" also experiences an initial surge in average rating, probably, thanks to devotees' feedback. The DVD release of the Sci
Fi classics "When Worlds Collide" quickly converges to its long-run average. "The Matrix"
has the average rating that had converged to its long-run level before the beginning of 2004.
Finally, "Lost in Translation", initially having high ratings converged to the lower level in the end. Table ? ? and Table ? ?. The asymptotic variance-covariance matrix is obtained via numeric differentiation of the individual-specific likelihood functions and inverting the outer-product of the resulting gradients. The standard errors of the parameter τ is computed using the delta method.
Estimation Results. I report Simulated Maximum Likelihood estimation results of three specifications in
First, I assume that consumers have the same mean prior beliefs about the quality of all movies and include only one prior quality parameter to be estimated (Specification 1). Then I assume that consumers differentiate movies according to genres. There are 17 more parameters to be estimated in Specification 2. Finally, I assume that consumers differentiate between films in separate budget-genre categories (Specification 3) -57 parameters. I report results in two tables. Table ? ? shows the key structural parameters from the three specifications and Table ? ?
reports the estimates of the corresponding group-specific mean prior quality beliefs.
Consider first Table ? ?. All three specifications produce comparable results. Note that the estimates are very precise thanks to the comparatively large data set consisting of about 2.5 million consumers' choices. The log of age has a negative estimate: consumers generally prefer newer films. The log of the number of IMDB ratings is a good predictor of choice: the more popular a movie, the higher the probability that consumers discover it via word-of-mouth or other information channels. In other words, the more a movie is discussed, the higher is the probability that a consumer would like to try to watch it.
Both the log of budget and the log of gross box office proceeds positively affect consumer's utility and thus the probability of choice. Note that the percentage change in the budget has a higher effect than the percentage change in the gross box office. This can be attributed to the fact that higher budget usually means (i) higher marketing spending that directly attracts customers and (ii) higher initial investment in better quality -top director and actors, good screenplay, etc. The higher gross box office is another proxy for popularity and word-of-mouth. These effects could already be captured by the IMDB popularity variable.
Let me turn to the learning parameters. Here, the values from three specifications are also comparable. The inclusion of disaggregated prior beliefs naturally slightly decreases the estimate of the standard deviation of the consumers tastes around the mean prior beliefs. The mean of the random consumer-specific taste toward quality, calculated as E(υ i ) = e Consumers, however, disagree on prior beliefs about movie quality as demonstrated by the the comparatively high estimates of σ γ : 8.4, 7.6 and 6.1 respectively. Even with predominantly negative estimates of means, this potentially generates many positive consumer-specific prior beliefs. These estimated means are presented in Table ? ?. In Specification 1 the mean of all prior valuations is estimated to be -11. Specification 2 shows how genre-specific prior beliefs are dispersed around this mean. Specification 3 further disaggregates average prior expectations for genre-budget categories -movies with budgets higher than $80 million, $5-$80 million, and less than $5 million.
There are several interesting results here. First, some high-budget movies have quite low prior quality beliefs, second, movies with higher budgets generally have comparatively low expectations about quality. The first result could be addressed by the existence of only a few high budget films in some genres. The second result could be clarified with the following example.
High-budget movies are often watched in the theaters. Hence, if they are rented from Netflix, they will already have been rated many times by the previous audience. Thus, the quality signal from ratings should be very strong to outweigh such cautious prior.
The parameter of the relative precision of the quality signals is 0.07. The results do not vary with the specification and are very precise.
These numbers are more easily understood with a data example. Consider the three previously mentioned films: "Mary Poppins", "The Matrix", and "When Worlds Collide". In Table ? ? I report the expected posterior mean quality for different ratings and the number of raters. Note that at the very beginning of the two-year period both "Mary Poppins" and "When Worlds
Collide" had negative expected posterior quality due to two facts: the negative prior belief and the low precision of the quality signal. The average rating of "Mary Poppins" was almost the same by the end of the period. However since many people rated, the precision increased substantially and the quality expectations were noticeably upgraded. The precision of "When Worlds Collide" did not increase as much, but those that watched and rated have bumped up the average rating and thus the expected average quality. Finally, "The Matrix" maintained an average rating of 4.2 all the time and the increased precision of this signal only slightly raised the expected quality. and compared the distribution of simulated movies to the actual choices in the data. Table ? ?
reports the results of the Monte Carlo.
For the Monte Carlo, I have created 20 data sets consisting of choices made by 400 simulated consumers. Compare the actual and the mean of the estimated parameters in Table ? ?. The model estimates these arbitrary parameters quite precisely. The standard deviation reported in the third column is based on the sample of 20 Monte Carlo simulations. Note, that on average the exercise produces precise estimates. Some parameters, e.g. the log of gross box office and the log of the budget, are less precise. Others have rather small sample standard deviations, which means that the model is identified even with the smaller data sample.
In Table ? ? I report the shares of movie choices by genre in the actual data and in the simulated data. Notice that the model quite accurately predicts market shares of different genres. Only Action genre is slightly under-predicted by the model. Finally, consider the distribution of choices by the release year in Figure ? ?. The shapes of the two distributions are comparable.
However, the shares of the two years -2003 and 2004 -are underestimated by the model.
3.5. Welfare Analysis. In theory, additional information makes consumers change their behavior: a different set of movies would be chosen conditional on the information signals about quality. It is true that consumers might prefer movies with higher average ratings. However, when a movie rating goes down, it does not mean that consumer utility will decrease. Consumers will switch to a different choice and the resulting utility might go up.
One of the key purposes of this research is to evaluate the benefit of information for consumers.
If ratings indeed function as quality signals, consumers might enjoy increased utility levels and agree to pay more for the service or, alternatively, stay with the current service provider longer. To compute the difference in the consumer surplus I simulate the counterfactual mean utilities under the assumption of no quality signals from ratings. In other words, I assume that ratings are completely uninformative so that consumers make their choice based on the explicit characteristics and the prior believes only. I follow ? who face a similar problem with the health plan report cards used as quality signals. Let U i jt (I) denote the mean utility of movie j for consumer i at time t given the information state. I = 1 if the decision is made taking ratings into account and I = 0 if ratings are not taken into consideration. The individual-time-specific difference in the consumer surplus measure the value of information and could be a proxy for the service quality. It is calculated as follows:
exp U i jt (I = 0)
The first line of the above formula makes use of the logit utility shocks and represents the difference in maximum utility in two information states. The second line is the difference in the mean utilities in two states with the actual probabilities of informed choices P * i jt used as weights. Overall, it is a difference between ex-post counterfactual utility from movies chosen with ratings and ex-post utility from movies chosen without ratings.
The value of information is shown in Figure ? ?. The top left panel plots the value of ratings for the history of choices of a representative consumer. Note, that this value is always positive and is fluctuating around 13 utility units. Also note that there is a monotonic growth in the average value of information per movie. This could be attributed to two factors. First, as more feedback ratings are submitted by the consumers, ratings become more informative and hence bring more value to consumers. Second, it could also be true that the choices are more affected by ratings because consumers enjoy the results of better informed decision. 3.6. Counterfactual Analysis. I perform counterfactual analysis using the estimated structural parameters to assess the effect of ratings on the rental behavior. First, I assume that consumers do not take into account ratings and choose movies based on the observable attributes and prior beliefs about quality. Apparently, the ratings matter much in this model. With ratings, my model predicts that about 15.27% of the choices would be in favor of the outside good. Without ratings, this share increases to 90.01%. In the absence of ratings consumers will substitute to choosing DVD movies from other sources or going to the theaters. In other words, ratings are an integral and crucial part of the Netflix movie selection mechanism.
I dissect the simulated data to understand how ratings shape the distribution of choices. First, I
concentrate on the movie release date. Recall, that ratings are supposed to help discover movies what are not explicitly advertised -old, foreign, independent, ets. Netflix accumulated a huge movie base and hopes that their customers would be able to choose DVDs they will enjoy. At the same time, it is also less costly to deliver films that do not require revenue sharing with studios.
Let me show that ratings indeed perform this function well. Consider Figure ? Ratings" distribution. In other words, without ratings, the probability mass shifts towards the newer DVDs. This proves Netflix point about the usefulness of the ratings system in shifting demand towards older movies.
Finally, Table ? ? and Figure ? ? dissect simulated data into genres. Notice, that the composition of genres changes without ratings. Consumers would less frequently watch action, comedy, horror and thriller films. On the other hand, without ratings more dramas, documentary, adventure, crime, and SciFi films would be chosen. That is, ratings are important for the first subset of genres, and less so for the second. Probably, it is easier to agree upon experience utility of comedies and action movies and hence ratings are more precise quality signals. On the other hand, it is hard to agree on the quality of dramas due to the heterogeneity in preferences towards such movies. Netflix shares revenues on new DVD releases with the studios but not on older DVDs. To the extent that the ratings system causes people to shift toward renting older DVDs, Netflix retains a higher share of the revenues from its subscription plans. I plan to simulate counterfactual profit under the assumption that consumers do not use ratings as quality signals. The simulations from the estimation would show how the information generated by the ratings system influences Netflixs profit as well as the pricing and strategic decisions made by its competitors in the DVD rental market. I plan to demonstrate how firms can provide information that generates value to consumers while also gaining a competitive advantage in the market.
The market under consideration is new and growing. Consumers either go to local rental stores less substituting with the Netflix-like service or switch completely. Hence the market size is an increasing function of product quality. One of the most important determinants of quality is the ability to make informed decision taking into account average ratings. Hence, I specify a quality measure to be the value of information discussed above q t = ∆CS t . Firms with better quality enjoy higher market shares. In addition, the cost structure of Netflix depends on the type of movies rented by consumers: new films under the revenue sharing agreements or old, foreign films, and films form independent producers that have linear prices.
Consider market demand for a DVD plan subscription. There are i = 1 . . . M consumers and t i = 1 . . . T time periods. Each time period t a consumers maximizes expected utility choosing between inside and the outside goods. The utility is specified as follows:
Note, choosing the inside good, a consumer benefits from the attributes X t and the experience utility q ti and has to pay a monthly price p t . Consumers could also choose to switch to the outside option if the mean utility of the inside good is negative.
Experience utility, or the taste for Netflix, q ti α q i is a function of quality, a consumer-specific difference in the surplus delivered by ratings and an the ability to make more informed decisions.
Given distributional assumption on the unobserved utility shock ε it the market share of Netflix is the function of the product quality: s t = s(q t , ·).
Assuming non-cooperative Bertrand competition, per-period firm's profit could be expressed as:
Note that profit depends on the choice of the information regime I and q t (I = 0) = 0 To compute the difference in the producer's surplus π(I = 1) − π(I = 0), I need to estimate mc t (λ t (I), ·) and s t (q t (I), p t , ·) For the firm with one tariff plan FOC are:
I estimate market share equation using Berry inversion
After computing market shares I can back up the marginal cost conditional on information regime.
This part is in progress. The results will be reported upon completion. The results of this research will be used in the study of how firms utilize a retail system with the quality signaling mechanism to create switching costs for consumers and exercise market power. This research will answer questions about the monetary value of information. The model of the market for the DVD tariff plans will help assessing the effect of information on the profits of firms and the level of competition. 
